Abstract: Urban landscapes are heterogeneous mosaics that develop via significant land-use and land cover (LULC) change. Current LULC models project future landscape patterns, but generally avoid urban landscapes due to heterogeneity. To project LULC change for an urban landscape, we parameterize an established LULC model (Dyna-CLUE) under baseline conditions (continued current trends) for a sub-tropical urban watershed in Tampa, FL. Change was modeled for 2012-2016 with observed data from 1995-2011. An ecosystem services-centric classification was used to define 9 LULC classes. Dyna-CLUE projects change using two modules: non-spatial quantity and spatial reallocation. The data-intensive spatial module requires a binomial logistic regression of socioecological driving factors, maps of restricted areas, and conversion settings, which control the sensitivity of class-to-class conversions. Observed quantity trends showed a decrease in area for agriculture, rangeland and upland forests by 49%, 56% and 27% respectively with a 22% increase in residential and 8% increase in built areas, primarily during 1995-2004. The spatial module projected future change to occur mostly in the relatively rural northeastern section of the watershed. Receiver-operating characteristic curves to evaluate driving factors averaged an area of 0.73 across classes. The manipulation of these baseline trends as constrained scenarios will not only enable urban planners to project future patterns under many ecological, economic and sociological conditions, but also examine changes in urban ecosystem services.
Introduction
LULC change is one of the most important processes through which humans alter their environment and from which many other socio-ecological problems arise [1] [2] [3] [4] . Humans have been reshaping their surroundings since antiquity, and perhaps earlier, with some archaeological evidence dating losses in plant biodiversity as far back as 10,000 B.P. [5] . Until recently, traditional ecology has viewed LULC change as a local or regional phenomenon, but the pervasiveness of human development and urbanization has led to landscape transformation on a global scale [6] .
Hooke et al. [7] reviewed current research on the extent of land transformation by humans and noted that LULC change is primarily a consequence of increased population and resource demand. This has been known to scientists at least as early as the mid-nineteenth century when George Perkins Marsh observed in Man and Nature that the provision of Earth's resources was limited by consumption [7, 8] .
LULC change research is primarily concerned with the patterns, processes and drivers of landscape change [9] and not one-to-one predictions. This is true even in "established" urban areas because change is a continual process [10] . Socio-ecological relationships are considered one of the most important aspects in LULC change assessment but are still poorly understood [11] . Irwin et al. [12] , (71) state that "the goal is not to predict the exact plots of land that will be developed, since such modeling accuracy simply isn't possible. Instead, the goal is to understand how various causal factors influence the qualitative aspects of the observed land use pattern. (e.g., the degree of contiguity, fragmentation, concentration, density of various land uses) and changes over time in these pattern measures at a spatially disaggregate scale of analysis." This is a critical issue in urban landscapes, where patterns, processes and relationships between people and their environment occur on multiple scales. Sadler et al. [13] argue that urban planning for biodiversity and their associated ecosystem services in cities must be approached at large scales. Zipperer et al. [14] describe a primary problem with scale and socio-ecological studies as a disconnect between individual decision-making and the broad-scale application of most government policy. One suggestion is a conceptual socio-ecological framework using "patches" to understand links between humans and ecological processes [15] . Patches are discrete and homogenous areas representing specific processes or characteristics [16] . Patch dynamics are based on the idea that vegetation is often dependent upon substrate and that natural variations of multiple scales can be modeled this way. Finally, social hierarchies in urban environments are differentiated by spatial location in much the same manner. Therefore, patch dynamics can be useful in understanding both human and ecological systems because they allow for the subdivision of ecosystems into smaller mosaics at a variety of scales using a nested hierarchy [15] . However, a primary problem with the application of patches is the heterogeneous nature of patch size as a spatial unit. This can significantly contribute to complexity and increased computational requirements as seen with applications of biotope mapping and other fine scale classifications when applied at regional or national scales [14] . For these reasons, many models of LULC change require the conversion of patches into spatially homogenous pixels. Model results can then be converted back into patches to conduct useful landscape metrics of spatial distribution and fragmentation.
Of additional concern is the study extent of an urban area, which should encompass as many ecological and anthropogenic processes as possible [17] . Many cities in the US were built around large bodies of water. Their drainage basins tend to be of such large geographic area that they capture many of the ecological and sociological processes along a gradient moving from urban centers to suburban, exurban and rural [18, 19] . For these reasons, urban watersheds are a common spatial extent used in urban ecological studies [11] that simplify measurements of input and output flows [20] .
Irwin et al. [12] summarize the importance of LULC change as one of the most significant global phenomena, particularly in urban areas, while conceding that LULC change is one of the most difficult, but fundamental research questions of our time. Drivers of LULC change are often variable, of high number and poorly understood. This includes the human decision-making paradigm as a component in change models. The use of agent-based models has become a popular method to construct decision-making scenarios to predict future outcomes [12] . Coupled multi-agent and land-use/land cover change approaches have been used to understand how socio-ecological processes affect decision-making [21] . These models use two components that are integrated via feedback loops: a cellular model representing the landscape and an agent-based model [22] representing decision-making. While cellular models are useful for ecological and biophysical processes, agent-based models can be useful for choice scenarios, both of which are necessary for urban system modeling [23] . In this approach, agents act on cellular models that represent their environment, in this case urban environments, with decision-making scenarios [22] .
Many LULC change models exist and vary widely in their assumptions, mechanisms, inputs and complexity [24] . A few important reviews compare these models and their operation. A discussion of some early models and major principles can be found in Koomen and Stillwell [25] and Baker [26] . Methods for monitoring and modeling landscape dynamics to detect driving factors is reviewed by Houet [27] and Verburg et al. [28] . The incorporation of agent-based models for LULC analysis is discussed in Parker et al. [23] , Filatova et al. [21] and Parker et al. [22] with an overview of their applications in Matthews et al. [29] . A review of models that focus on economic processes and relationships as the primary drivers of LULC change are outlined in Irwin et al. [12] and Irwin and Geoghegan [30] . Radeloff et al. [31] provide a national scale econometric model of LULC change parameterized using National Resource Inventory data. Veldkamp and Verburg [32] provide a summary of the methods used to integrate socio-economic and biophysical variables in LULC models. Agarwal et al. [33] provide a list and review of nineteen land change models with a thorough introduction to general concepts and methods. Finally, Zipperer et al. [14] provide an overview of key concepts in urban ecological modeling, including linking sociological and ecological data, and discuss several examples of different urban frameworks.
Objectives
This study models LULC change for a sub-tropical urban watershed in the southeastern United States for a five-year period using the Dyna-CLUE framework. This framework has been widely used in studies of similar scale, from urban to rural [34] . The focus here is to detail the parameterization process and model operation to show the application of a change model for urban landscapes, which typically experience significant LULC change over short-time periods compared to other ecosystem types.
Materials and Methods

Study Area
The analysis occurred in a 796-km 2 subbasin of the Tampa Bay Watershed (TBW) in the state of Florida in the southeastern United States. The subbasin contains the entirety of the City of Tampa (population 377,000) and a portion of its surrounding area (Figure 1 ). The greater watershed area contains 4.6 million people and has seen rapid development adding 1,000,000 people over a ten year period beginning in the mid-1990s [35] . Commercial activities include phosphate mining, power generation, tourism, recreation, and agriculture, which have contributed significantly to land-use and land cover change [36] . For more details about the study area please see Lagrosa IV et al. [37] . analysis is discussed in Parker et al. [23] , Filatova et al. [21] and Parker et al. [22] with an overview of their applications in Matthews et al. [29] . A review of models that focus on economic processes and relationships as the primary drivers of LULC change are outlined in Irwin et al. [12] and Irwin and Geoghegan [30] . Radeloff et al. [31] provide a national scale econometric model of LULC change parameterized using National Resource Inventory data. Veldkamp and Verburg [32] provide a summary of the methods used to integrate socio-economic and biophysical variables in LULC models. Agarwal et al. [33] provide a list and review of nineteen land change models with a thorough introduction to general concepts and methods. Finally, Zipperer et al. [144] provide an overview of key concepts in urban ecological modeling, including linking sociological and ecological data, and discuss several examples of different urban frameworks.
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Study Area
The analysis occurred in a 796-km 2 subbasin of the Tampa Bay Watershed (TBW) in the state of Florida in the southeastern United States. The subbasin contains the entirety of the City of Tampa (population 377,000) and a portion of its surrounding area (Figure 1 ). The greater watershed area contains 4.6 million people and has seen rapid development adding 1,000,000 people over a ten year period beginning in the mid-1990s [35] . Commercial activities include phosphate mining, power generation, tourism, recreation, and agriculture, which have contributed significantly to land-use and land cover change [36] . For more details about the study area please see Lagrosa IV et al. [37] . 
Overview
Dyna-CLUE was used to project LULC change over a five-year period from 2012-2016. The five-year duration was selected because of the heterogeneous nature of urban landscapes in general, and the significant rates of urbanization in the TBW over the last 20 years [35] . The specific years 2012-2016 were selected because of data availability, with 2011 being the last published LULC dataset available from the Southwest Florida Water Management District (SWFWMD).
Land-use maps created by SWFWMD are shapefiles of polygons using a proprietary modification of the Florida Landcover Classification System [38, 39] . These polygons are analogous to the "patches" described earlier. However, the CLUE framework, as with many simulation-based models operate in a per-pixel fashion. Therefore, LULC data were converted to raster format using a cell resolution of 100 m (spatial resolution of 1 ha).
CLUE Framework
The Conversion of Land-use and its Effects (CLUE) is an LULC change framework that has been used in national, regional, and small-scale studies to project landscape change. It has been applied by the European Environmental Agency to project LULC change on the European continent [40, 41] and at national extents in Central America [42] and Ecuador [43] . It has been used to examine the effects of LULC change on alternative conservation policies in Chile [44] , groundwater in Belgium [45] , biodiversity in Northern Thailand [46] and urban renewal in Hong Kong [47] among others. The framework uses a hierarchical approach based on systems theory that combines total area analyses with those for individual spatial units. The framework creates projections of both the total quantity and distribution of land in each LULC class by coupling aggregate land-use requirements (demands) with a spatially explicit allocation procedure. The first iteration, CLUE-CR (1996) , was developed to analyze multi-scale LULC change for Costa Rica [48] , by integrating analyses at the national and regional scales. CLUE-S (2002) was later adapted from the original framework to model LULC change for watershed and other smaller regional extents, at finer spatial resolutions than the previous version [49] . CLUE-CR was developed to process landscape features represented at a resolution greater than 1 km, typical for national scale maps. However, smaller units of interest for highly heterogeneous landscapes, such as urban environments, have much finer resolutions typically smaller than 1 km [49] . The latest version Dyna-CLUE (2009), was designed to integrate top-down allocation with bottom-up dynamics of local drivers [50] . The "top-down" approach common in many modeling frameworks, uses an estimate of aggregate land requirements to simulate external, large-scale determinants of LULC change, while "bottom-up" refers to specific transition characteristics and driving factors of the local area [50] .
Data Requirements
The CLUE framework is data intensive and requires significant preparation before analyses can proceed. However, the process of collecting and preparing data itself provides useful results and a better understanding of landscape dynamics in the study area. The first set of requirements are maps of restricted areas, or those areas that will not change during the temporal scale of the study. These are lands with spatial policies that prevent development. Common examples include county, state, and federal parks and zone restricted areas because of a particular land-use.
Land-use type conversion settings are needed for transition sequences and elasticities of classes. Transition sequences define the specific transitions each class can make. In a given study it might be possible for a "Forest" class to change into a housing development. However, it might not be possible for a "Residential" class, once developed, to transition into a wetland. Elasticity is an economic term that refers to an entity's ability (or inability) to respond to external phenomena. Within an LULC change context it is the likelihood that a spatial unit of a specific class will change. Areas of high capital investment are one example [50] . Since these areas contain significant investment, their likelihood to change is low, even if other potential uses are theoretically possible. Stated another way, this means they have a high resistance to change. Each class receives a value between 0 (always convert) and 1 (never convert) and is used in conjunction with other input data for a given pixel of a given class to determine if change will occur. Ultimately, the elasticity and transition sequences function together, along with other input data, to control if a change will happen (elasticity), and if so, which change scenarios are possible (transition sequence).
The next inputs are aggregate land-use requirements (i.e., demand) for each class. These can come from many sources but are typically the result of an external economic model or trend extrapolation, if historical land-use data is available. The land requirements determine the total quantity of land area each class must occupy for each year of a simulation run. They are also an important feature of the framework because they can be manipulated to simulate management or economic scenarios that dictate an aggregate increase or decrease in land area for each class.
The last input data are landscape location characteristics. These characteristics, also known as driving factors, provide information specific to each land-use class. For each class, data on the driving factors of change must be collected and typically include such variables as population densities, soil characteristics, weather patterns, unique economic attributes etc. subject to the needs of each study area. This makes the model particularly suited to urban areas because the user can include and test potential anthropogenic variables of LULC change, so long as data defining these variables exist, are obtainable, and are spatially explicit for the entire study area. Often the collection, testing and conversion of these data require the most significant amount of time in parameterizing the model.
Once collected and formatted, the driving factors are used to develop a probability equation for each LULC class. This equation is used during the allocation procedure to derive a probability of change for each spatial unit. The theoretical equation for each pixel R, based on its location i, and driving factors X 1 to X n , is:
where "R is the preference to devote location i to land-use type k; X 1→n, . . . are biophysical or socio-economical characteristics (driving factors) of location i; while a k and b k are the relative impact of these characteristics on the preference for land-use type k" [34] , (6) . Many statistical methods can be used to fit the probability equations. This study, as with many applications of the CLUE framework, uses a binomial logit regression to determine spatial probabilities [50] .
Simulation Process
The total probability of change for each cell is based on the LULC classes of surrounding cells (land-use allocation) and the decision rules set by the user. The theoretical equation for a given pixel in the model is defined as:
where TPROP i,u is the total probability of change for any cell i for one of the 9 land-use classes u. P i,u is the initial probability for each cell calculated from a set of driving factors derived from the input data [41] . ELAS u is the elasticity, or sensitivity to change based on the decision rules for each class. ITER u is an iterative variable distinct for each land-use class. The model runs in annual increments. Each annual step is one iteration of the simulation. When the model is initialized, all classes start with an equal value of ITER u . After every iteration, the new allocation for each class is compared to its land-use requirement specified in the non-spatial module. If the allocation of a land-use class u is smaller than its requirement, the value of ITER u increases, causing the model to repeat the allocation calculation process until the requirement equals allocation, subject to the class's elasticity and driving factors. Conversely, ITER u decreases if the allocation exceeds the class's requirement until demand and allocation are equalized.
Restricted Areas
The model specifies the designation of restricted lands, or those with little to no likelihood of change within the timeframe of the study. These are commonly thought of as conservation areas and land with legal restrictions that prevent change. Examples include local, county and state parks; ecological reserves; private lands held as trusts and protected trail networks.
An important consideration with restricted lands is the context of the study. These are not lands in which change is impossible, but merely restricted and unlikely to change during the time-period under investigation. Even restricted lands can contain parcels that change as areas are developed for various purposes (i.e., visitor centers, research facilities etc.) or altered for ecological restoration. In addition, other public or private lands that are designated for very specific purposes can be considered "restricted" if their purpose prohibits alteration. One example is cemeteries. Although cemeteries can experience meaningful change overtime (conversion of grass space to concrete cover) the magnitude of change is dependent upon the timeframe of the study [51] .
Seven spatial datasets were used to determine areas restricted from LULC change during the timeframe of analyses. The datasets were processed in ArcGIS [52] to create a single master shapefile of restricted lands. This layer was used as an input parameter for the model in the spatial allocation procedure.
The following datasets were used to process this layer ( 
Driving Factors
Urban areas are influenced by many variables, both ecological and anthropogenic [19] , far more than most models will accept or for which data is available. Eight driving factors were included in the model, based on available data in three categories: demographic, economic, and environmental (Table 2 ). Driving factors in the CLUE framework can be either static or dynamic. Static variables refer to those that are consistent for each simulation year whereas dynamic can change from year to year. The only dynamic variables used for this study were population densities. Density estimates for each year were calculated from population data obtained from the 2010 United States Census [60] and 2013 American Community Survey [61] . Populations for years in between and after were estimated using an annual growth rate of 1.57%. This rate was estimated for Hillsborough County by the Florida Office of Economic and Demographic Research [62] . Seven other static driving factors were included as possible drivers of LULC change in the model ( [65] , USGS soil survey [66] , EPA Superfund sites [67] and road presence [68] . Soil series type initially contained 60 levels corresponding to officially designated USGS soil series classifications found in the subbasin [66] . To briefly summarize, Basinger series comprised 22.33% of the area followed by Myakka (8.72%), Malabar (6.22%), Zolfo (4.56%), and St. Johns (4.21%). The remaining 55 types represented between 0.02% and 3.1%, respectively. To reduce model complexity, this frequency range was used to recategorize these levels into a single "Other" category, for a final count of 6 levels. A binomial logit model was used to test each of the 8 driving factors (α = 0.05) and calculate the spatial probability of change for each pixel in the subbasin. A regression was fit for each LULC class using the following theoretical equation:
where P is the probability that a pixel will change to class i based on each static driving factor X n and its modeled coefficients, β 1→n . The logistic transformation of the probability ratio results in an odds value that represents the likelihood of success or failure, in this case pixel conversion [69] . Receiver-operating characteristic (ROC) curves were calculated using the predicted probabilities to evaluate the goodness of fit for each class equation. The area under an ROC curve ranges from 0.5 (completely random) to 1 (perfect fit) and is an indication of overall model performance.
Conversion Settings
The model requires a transition matrix that specifies possible class conversions. Allowable sequences are set based on the possibility of conversion between two classes within the temporal context of the study. These were derived by interpretation of conversions using SWFWMD maps on a year-to-year basis.
In addition to allowable transitions, an elasticity of change for each class is required to determine the likelihood and/or difficulties in pixel conversions for each class. Elasticity values (Table 3) were determined from the literature by aggregating and adapting established values from previous applications of the CLUE framework [70] [71] [72] [73] . 
Land-Use Requirements
Dyna-CLUE primarily functions as an allocation model, determining spatial location and distribution of LULC change given land-use requirements. These land-use requirements or demands are specified as inputs to the allocation procedure. They represent the total estimated area for each LULC class after successive iterations of the model. Trend extrapolation using the Geomod approach [24] was used to estimate the land-use requirements based on 10 years of historical land-use data over a 16-year period from the SWFWMD LULC datasets. The original LULC classes were reclassified using an ecosystem services-centric classification scheme that uses ecological data to determine spatial variation [37] . They were then converted to raster format and expansion/reduction trends were extrapolated in ArcGIS incrementally for each year. Linear slopes to calculate changes in land area between successive years of historical data were used to estimate a matrix of area quantities for each LULC class used to determine quantity changes over the five simulation years (2012-2016).
Results
Restricted Areas
Restricted areas covered 13,492 ha of the subbasin or approximately 17% of the total land area (Figure 2) . About 5939 ha occurred in or adjacent to the 654 ha Hillsborough River State Park in the north-eastern portion of the subbasin and contained large areas of upland forests and forested wetlands. An area of restricted land nearly 2500 ha occurred in and around MacDill Air Force Base at the southern tip of the City of Tampa. Most of this land occurred on non-forested wetlands or built sections of the base.
Overall, SWFWMD was responsible for the management of 53% of restricted land. Other public and privately managed conservation land was almost 20%. Local and county-owned parks comprised 12% while the other four categories collectively held the remaining 15% (Table 4) . using an ecosystem services-centric classification scheme that uses ecological data to determine spatial variation [37] . They were then converted to raster format and expansion/reduction trends were extrapolated in ArcGIS incrementally for each year. Linear slopes to calculate changes in land area between successive years of historical data were used to estimate a matrix of area quantities for each LULC class used to determine quantity changes over the five simulation years (2012-2016).
Results
Restricted Areas
Overall, SWFWMD was responsible for the management of 53% of restricted land. Other public and privately managed conservation land was almost 20%. Local and county-owned parks comprised 12% while the other four categories collectively held the remaining 15% (Table 4 ). 
Driving Factors
Each binomial logit model had its own set of driving factors ( Figure A1 ). "Rangeland" had the smallest number with only flood risk, structure age, and soil type as predictors of LULC change. "Built, non-residential" and "Upland Forests" were next with four each, including enterprise zone, structure age, and soil in both equations. All eight potential variables were significant predictors for the "Residential" class, which was the only class with population density in the final model. The "Forested Wetlands", "Infrastructure", "Non-forested Wetlands", and "Water" classes all had the remaining seven variables in their models. Soil type and structure age were significant predictors for every class model while enterprise zone ("Rangeland") and flood risk ("Built, non-residential") were in seven of eight. Roads were a useful predictor in all but the "Rangeland" and "Upland Forests" classes.
ROC results ranged from 0.63 ("Residential") to 0.83 ("Rangeland"). "Forested Wetlands" had an ROC area of 0.82. Four other models ranged from 0.70 to 0.77 ("Agriculture", "Built, non-residential", "Non-forested and Mangrove Wetlands", and "Water"). "Upland Forests" and "Infrastructure" had values of 0.68 and 0.66 respectively (Table 5 , Figures A2-A4 ). 
LULC Change
The observed changes in area from the SWFWMD data show a 49% decrease in "Agriculture" between 1995 and 2011 from 89 km 2 to 45 km 2 (Table 6) The six remaining classes showed a net growth over the sixteen-year period of observable data (Table 6 ). "Residential" had the greatest absolute increase from 214 km 2 to 262 km 2 or 22%. "Water" had the highest relative increase of 25% growing from 40 km 2 in 1995 to 50 km 2 in 2011, followed by "Infrastructure" (23%), which grew from 39 km 2 to 48 km 2 . "Built, non-residential" was next with an 8% increase followed by "Forested Wetlands" (6%), and "Non-Forested Wetlands" (2%). The intensity of this growth followed a similar pattern to the loss in area of the first three classes with the greatest proportion of change occurring from 1995-2004. Projected land-use requirements for 2012-2016 (Table 7) were based on trends of the preceding five-years (2007-2011). The "Agriculture", "Rangeland" and "Upland Forests" classes were projected to decrease by 9%, 15% and 8% respectively. "Residential", "Infrastructure" and "Non-forested Wetlands" each had an increase of 11%, 8% and 5%, respectively. Finally, "Built, non-residential", "Forested Wetlands", and "Water" remained relatively steady over the five-year period. The spatial allocation determines changes in the distribution of patches for each LULC class (Table 8 , Figures A6-A14 ). The decreases in "Agriculture", "Rangeland" and "Upland Forests" primarily occurred toward the north-northeast of the study area with some loss near or within City of Tampa boundaries (Figures A6-A8 ). Land area increases for the "Residential" classes were mostly restricted to the northeast as well ( Figure A9 ). The increase in "Infrastructure" area occurred throughout the subbasin on relatively small patches and mainly near the edges ( Figure A10 ) while the increase in "Water" occurred in the eastern-most portion of the City of Tampa ( Figure A11) . The "Built, non-residential", "Forested Wetlands", and "Non-forested and Mangrove Wetlands" classes had very little change in total land-use demand and similarly very little change in distribution and allocation of class patches (Figures A12-A14) .
Modeled LULC change also projected a change in the distribution and mean size of landscape patches ( Table 8) . The "Agriculture" class went from 227 patches in 2011 with an average patch size of 20.05 ha to 401 patches at an average of 9.38 ha in 2016. "Infrastructure" increased from 796 patches to 1098, with a slight decrease in size from 5.96 ha to 4.66 ha. The "Residential" class increased from 565 patches to 641 with a decrease in mean patch size of 4.56 ha. The other LULC classes had minimal changes in both patch count and mean patch size from 2011-2016 (Table 8) . 
Discussion
In total, the land area of the subbasin corresponded to 796 km 2 or 79,600 pixels (1 pixel = 1 ha). For model parameterization, two other resolutions were explored: 30 m and 250 m. The 30 m resolution was too fine and unable to cover the spatial extent of some driving factors, namely population density, and increased the pixel count to near 240,000. The coarse scale of 250 m was found to aggregate many patches that were smaller than 250 m but of different LULC types. The 100 m resolution was selected in an attempt to alleviate information loss associated with finer or broader spatial resolutions.
Beta coefficients in binomial logit models are not as easily interpreted as those in other forms of regression [69] . However, a few interpretations can be made by looking at their relative value and sign. The binomial logit model yields a logistic transformation of a probability ratio. The ratio itself gives the probability of change for a given pixel while the logistic transformation gives an odds value. Therefore, we know that the betas are influencing a pixel's likelihood of change with the coefficient's sign influencing the direction of probability. For example, structure age was significant as a predictor of change for built areas. However, the effect was negative, suggesting that built areas are less likely to change as their structures age. One would assume the opposite; that as buildings age, there is a higher likelihood they will be torn down and replaced or renovated, cet. par.
Structure value was not a statistically significant factor for many classes. This may be because the magnitude of value, once a building is established, has very little to do with influencing LULC change between classes. That is to say, a building of any value is more likely to be purchased and rebuilt into another structure than converted to a new class. Road presence in built areas was shown to cause a decrease in the probability of a pixel's change. Perhaps this is because roads almost always coincide with built structures for access, and once established, stabilize the land-use of parcels around them. This was similar for the "Infrastructure" class. However, the "Residential" class showed a positive relationship with road presence. "Agriculture" and the two wetland groups also had a positive relationship with roads, which indicates that the presence of roads is tied to future LULC change in those areas. Roads were not significant in the "Rangeland" and "Upland Forests" classes but were significant in the two wetland classes. Enterprise zones had a positive relationship with all classes except "Residential" and "Infrastructure" (negative for both) and "Rangeland" (not significant). This indicates that the establishment of an enterprise zone may positively increase the probability of change for non-built areas. Soil type is a commonly used predictor in many LULC change studies and these results support that conclusion. Population density was only significant for "Residential", which was the only class that had a significant permanent population.
ROC areas ranged from 0.63 to 0.83 (Table 5 ). Ideally these values should be as close to 1 as possible. Values less than 0.6 are typically viewed as inadequate models and values of 0.6 to 0.69 as poor. Values of 0.7 and higher are usually seen as useful models. Six of the nine models had values of 0.7 or higher, while three had values in the 0.63 to 0.68 range, which indicates that better, or possibly more predictors are needed for those classes [69] .
Model results were consistent with previous work that shows most LULC change in urban areas occurs on the fringes of the urban environment with the replacement of rural and agricultural land by residential development [74] . Development of low-density exurban land occupies an area 15 times higher than development in high-density urbanized landscapes, particularly east of the Mississippi River where exurban land has declined 22% between 1950 and 2000 [75] . Theobald [76] describes this as "exurban sprawl" (contrasted with urban sprawl), and forecasted that urban and suburban housing densities would expand 2.2% compared to 14.3% in exurban landscapes throughout the U.S. by 2020. Theobald [77] also found that the majority of LULC studies focus on development within urbanized areas, often ignoring exurban areas, despite their observed importance in overall LULC change.
For the TBW subbasin "Agriculture", "Rangeland", and "Upland Forests" showed significant decreases in land area, whereas both wetland classes were mostly unchanged. This study did not investigate the dynamics of change within individual LULC classes, but possible reasons include both economic and cultural [75, 78, 79] . Building in wetlands necessitates draining and clearing to create firm ground for construction. Dryer areas, including those with upland vegetation, only require clearing. Restoration ecology of upland forests, particularly longleaf pine, has also received considerable attention by conservation groups and local organizations [80] . Theobald [81] modeled landscape dynamics for the conterminous U.S. using a proportion cover approach and estimated that in 1992 2.6 million km 2 , or 1/3 of the U.S. was human-dominated. He projected that by 2030 an additional 173,000 km 2 of natural areas will be lost due to residential expansion, with 21.7% of wetland areas and 15.1% of forested lands affected, which ranked first and second respectively of the five natural LULC classes used in the study [81] .
The decrease in "Agriculture" reflects local trends shown in available data since 1995. Decreases in "Agriculture" and "Rangeland" coincided with an increase in the "Residential" class. In all cases, the positive and negative trends slowed significantly around 2007. It is possible this reflects the slow-down in housing markets associated with the national recession, which peaked in 2008. Prior to the recession, the national economy was experiencing inflated rates of home construction and real estate sales, followed by a market crash and economic stagnation. An investigation into a connection between decreased rates of LULC change and the economy during the study timeframe would be useful. Understanding the influence of the market economy on regional LULC dynamics would have important implications for future models. However, this slow-down in residential development is not projected for the future of the region. Russell et al. [82] summarize research and projections into the future of development in west-central Florida and conclude that "explosive" development of the Interstate 4 and Interstate 75 corridor (considered the region that includes Tampa and Orlando and named for the junction of the two highways between both cities) will lead to a rapid decline in agriculture and natural landscapes over the next 20 years.
Most classes were consistent in their direction of change from year-to-year (i.e., increase or decrease). The "Built, non-residential" class showed a 7 km 2 A few basic parameters of patch dynamics were provided. The number of discrete patches and patch areas shows that fragment distribution in the TBW subbasin is increasing overtime. A number of additional metrics and tools exist to investigate current and future landscape patch distributions, but these analyses were outside the scope of this study. However, further fragmentation analyses would serve as a useful follow-up to better understand the nature of LULC change and its internal dynamics.
In summary, sixteen socio-ecological datasets from eleven local, state and federal agencies were used to parameterize the Dyna-CLUE LULC modeling framework. Landscape-scale class area requirements were derived from 10 years of LULC data provided by the Southwest Florida Water Management District. Binomial logit regression was used to test a set of eight possible drivers of LULC change. Finally, elasticities and transition sequences were adapted from the literature to characterize the direction of change ( Figure A6 ). Observed data from 1995-2011 showed a decrease in land area for "Agriculture", "Rangeland" and "Upland Forests" by 49%, 56% and 27% respectively. This coincided with a 22% increase in residential and 8% increase in built areas, primarily between 1995 and 2004. Modeled LULC change showed a continued reduction in "Agriculture" and "Rangeland", alongside an expansion of "Residential" and "Infrastructure". In addition to total quantity, most classes experienced some changes in patch size and distribution. The "Agriculture" class had a 77% increase in the number of patches with a 53% decrease in patch size. "Infrastructure" had a 38% increase in the number of patches with a 22% decrease in mean patch size while "Residential" had a 13.5% increase and 10% decrease respectively. Urban areas in the subbasin occurred along a gradient moving southwest to northeast, with the most concentrated areas of development in the south near Tampa Bay. The most significant areas of change occurred in the northeastern portion of the subbasin adjacent to suburban, exurban, rural and natural areas.
As mentioned, the drivers of LULC change in urban areas can potentially number into the hundreds or more, if they can even be identified at all. This study was limited in both data and information on the dynamics and drivers of LULC change in the TBW. Further analyses in variable selection would contribute greatly to the accuracy of the LULC change model. To account for the rapid rate of change in urbanizing areas, as well as the temporal availability of data, the LULC change model was restricted to a five-year projection. Although urban areas are heterogeneous and rapidly changing environments, it is unknown how the limited temporal scale impacts resulting conclusions.
Finally, a comprehensive validation of the model was beyond the scope of this paper. While the CLUE framework has been validated by its authors and used in many regional scale studies, as cited throughout the paper, we seek to address model evaluation beyond ROC curves in future iterations. This was particularly challenging due to available LULC data, given the short time-span (5-years) of the study. As SWFWMD releases additional years of observed data, we hope to increase the quantity and scale of analyses that will provide a vehicle to compare future and past results, including validation, increasing accuracy over time.
This coincided with a 22% increase in residential and 8% increase in built areas, primarily between 1995 and 2004. Modeled LULC change showed a continued reduction in "Agriculture" and "Rangeland", alongside an expansion of "Residential" and "Infrastructure". In addition to total quantity, most classes experienced some changes in patch size and distribution. The "Agriculture" class had a 77% increase in the number of patches with a 53% decrease in patch size. "Infrastructure" had a 38% increase in the number of patches with a 22% decrease in mean patch size while "Residential" had a 13.5% increase and 10% decrease respectively. Urban areas in the subbasin occurred along a gradient moving southwest to northeast, with the most concentrated areas of development in the south near Tampa Bay. The most significant areas of change occurred in the northeastern portion of the subbasin adjacent to suburban, exurban, rural and natural areas.
Author Contributions: J.L., W.Z., and M.A. conceived the study and collected data. J.L. performed the analyses and wrote the paper.
Conflicts of Interest:
The authors declare no conflict of interest. Appendix A Figure A1 . Statistically significant beta coefficients of driving factors for each LULC class. If a coefficient is absent (X) it was not statistically significant at α = 0.05. 
